With the rapid development of the e-commerce economy in urban and rural areas, China's logistics industry has entered a stage of transformation and upgrade. First, this paper introduces the Supply-Chain Operations Reference-model as a theoretical reference for index selection. Then, after comparing the BP neural network and linear regression analysis, we chose the BP neural network analysis method, which is more stable and accurate in forecasting e-logistics demand scale in urban and rural areas. Finally, according to the results of the data analysis, this paper divides the development of e-logistics demand in urban and rural areas into two stages and discusses the reasons for the formation of these two stages in detail. This job not only provides a new perspective for the study of rural e-commerce and urban and rural e-logistics demand prediction, but also provides a theoretical reference for the formulation of government policies and farmers' participation in rural e-commerce.
Introduction
In recent years, China's e-commerce has experienced an unprecedented period of development. As a digital business pattern, e-commerce has become one of the main development forms between modern commerce and trade [7] . The new e-commerce trends continue to emerge, such as online and offline multi-party cooperation, uplink of agricultural products, and e-commerce infiltrates to lower-tier cities [12] . Under this background, the demand for e-logistics in urban and rural areas through all the provinces shows a great growth trend, and the traditional e-logistics system faces new challenges [6] . Thus, the forecast and analysis of logistics demand according to the relevant data of e-logistics in urban and rural areas is of great significance for the evaluation of the previous policies and the formulation of future policies.
The study found that both at home and abroad, the current situation of logistics demand in urban and rural areas is mainly focused on the analysis of influencing factors, performance evaluation, and prediction under different methods. In the analysis of influencing factors: Yang and Wang [19] proposed that the size of logistics demand in the future can be reflected by prediction of the total freight based on the influencing factors, including first industrial output, second industrial output, third industrial output, gross output values of agriculture and total population. Chen et al. [2] divided the logistics demand to forecast into three parts: the agricultural logistics demand, the manufacturing logistics demand and the enterprise logistics demand. Yin et al. [20] selected the total freight volume to represent logistics demand and discussed the relationship between logistics and indicators of economic and social development from the perspective of macroeconomics. Sun et al. [15] expressed the logistics demand with a turnover of freight traffic, and selected the first industrial output, the second industrial output, and the third industry value as indicators affecting the logistics demand in Northeast China. In the performance evaluation, Yogi [17] took India manufacturing enterprises as an example, and proposed a framework to evaluate the demand and network of reverse logistics. Jane [5] combined the delivery cost and delivery reliability as the performance evaluation index of the logistics demand system. Cheung and Hausman [3] proposed a two-echelon inventory system, which is supplied from a single supplier to multiple retailers. Under this system, each retailer can set a unique quantity of purchase as a multiple of the basic packing size. Feng et al. [4] incorporated dynamic and collaborative thinking into the evaluation model of supply chain logistics capability, and they discussed the correlation between the five factors of logistics operation: supply chain relationship management, dynamic integration, customer service and supply chain logistics coordinated with supply chain logistics capability. Analysis on different methods of forecasting: Li and Liu [10] analyzed the change regulation of logistics demand in seven cities of Chengdu, Shenzhen, Nanjing and so on by analogy analysis, proportion conversion and correlation analysis methods. Ya [18] analyzed China's cold chain logistics demand by multiple regression and the AW-BP prediction method. Si et al. [16] believed that the improved grey model can improve the accuracy of logistics demand forecasting. Nikolopoulos et al. [13] proposed the application of a neural network method to predict the scattered demand in logistics supply chain management by a large amount of data simulation.
In summary, previous studies mostly studied the influence factors and performance evaluation of logistics demand scale in a single way, lacking the combination of theoretical basis and empirical method. Especially in the selection of evaluation index and data processing, there is no comprehensive, scientific and rational use of qualitative and quantitative methods, so the selected indicators cannot better reflect the actual situation of logistics demand scale and the data processing results are not reliable. Therefore, this paper has two innovations: first, the SCOR model is introduced as the theoretical basis of the study, which can give guidance on selecting effective indexes that reflect the e-logistics demand scale in urban and rural areas. Second, a BP neural network algorithm is used to simulate the historical data of selected indexes and compares the data with a linear regression model. On this basis, we select the least error model to predict China's future e-logistics demand scale in urban and rural areas. The theory and methods presented in this paper are taken into full account from the complexity of index selection and instability in data processing. The experimental results can be used to evaluate and forecast the e-logistics demand in urban and rural areas.
Theoretical Model and Research Method

SCOR Theoretical Model
The SCOR model is called the Supply-Chain Operations Reference-model, and it was first put forward by the International Supply-Chain Council. The theoretical model is based on five different management processes, namely planning, purchasing, production, distribution, and return [14] . Generally, it can be divided into a performance measurement index layer, configuration layer, and process element layer. According to the latest SCOR model map published by the American SupplyChain Council, this paper is drawn as shown in As the first standard supply chain process reference model, SCOR is the diagnostic tool of the supply chain. It covers all industries and can be used to describe, measure and evaluate supply chain configuration. Also, the logistics workgroup can be restructured by this model in accordance with the plan, procurement, production, distribution and return [8] .
Back Propagation Neural Network
The BP neural network is the Error Back Propagation Algorithm [9] . The architecture of the network was formed by an input layer, one or more hidden layers, and an output layer [11] . Usually, a three layers' BP neural network architecture is shown in Figure 2 . The BP neural network contains more than one hidden layer. It cannot only solve linearly separable problems, but also have the ability to deal with non-linear problems. The mathematical expressions of the hidden layer and the output layer are as follows: Determining the number of hidden layer nodes in the neural network design is a very important aspect, and its compute expression is as follows:
Where n is the number of input layers, m is the number of output layers, and a is a constant [1] .
Data Analysis
Index Selection and Data Sources
The SCOR theoretical model is established in five different management processes: planning, procurement, production, distribution and return. In the process of index selection, this paper, according to the segmentation indicators of the five management processes, selects express quantity (X1, ten thousand pieces), the number of internet users (X2, ten thousand people), quantity of employment between urban and rural areas (X3, ten thousand people), consumer price index (X4), gross output value of agriculture, forestry, animal husbandry and fishery (X5, billion yuan) and turnover of freight traffic (X6, million tons per kilometer) as the variables to evaluate and forecast e-logistics demand scale and freight volume (Y, ten thousand tons) as a measure of e-logistics demand scale in urban and rural areas.
Specifically, the plan management process in the SCOR model includes demand and supply plans. So, we select the quantity of employment between urban and rural areas (X3) to reflect the supply plan of enterprises and the consumer price index (X4) to reflect the company's demand plan. The express quantity (X1) is a reflection of the distribution management process in the SCOR model. The number of Internet users (X2) is an indirect reflection of product order confirmation and product return in the process of delivery and return management in the SCOR model. The gross output value of agriculture, forestry, animal husbandry and fishery (X5) reflects the amount of material needed in the process of enterprise production management. Turnover of freight traffic (X6) can indirectly reflect the procurement management process in the SCOR model.
For the measurement index of the e-logistics demand scale in urban and rural areas, this paper refers to the index selection method of predecessors and chooses the freight volume (Y) to express [2, 19] . The data of these indicators are derived from the China Statistical Yearbook. Table 1 shows the specific data for each indicator. First of all, according to the purpose of the preliminary study, we have compiled a language program for data simulation. Then, we put the program into the command window. After repeating the data simulations 30 times, a set of data with the closest average value is selected. We obtained the following graphs (Figure 3 and Figure 4 ). According to the above analysis results, we can see that the simulation value, mean square error and fitting correlation coefficient in the output data of BP neural network have great effectiveness. However, compared with other methods, it has to be tested whether the BP neural network method has certain advantages in accuracy. Therefore, a linear regression is selected to do the next data comparison analysis. Then, we will choose the method that is more accurate to predict the future e-logistics demand between urban and rural areas.
Analysis of BP Neural Network
Analysis of Linear Regression
In this paper, SPSS (23.0) is used for linear regression analysis. X1, X2, X3, X4, X5 and X6 are independent variables, and Y is a dependent variable. In addition, the data of indicators from 1997 to 2014 are the individual cases. After that, we import the relevant data into the software and gain the following output results. The adjusted R square in Table 2 is 0.998, which shows that the model can explain 99.8% of the data and that the model's fitting effect is pretty good. Table 4 showed that the values of P corresponding to constant a, independent variables X1, X3, X4, X5 and X6 were less than 0.05, which indicates that X1, X3, X4, X5 and X6 have a strong linear relationship with Y. Nevertheless, the P value of X2 is 0.081, bigger than 0.05. So, the significance level is not obvious, indicating that the linear relationship between X2 and Y may not be strong. In order to find out the reason and analyze the possible impact on the prediction of e-logistics demand in urban and rural areas, this paper will compare the data simulation results between the BP neural network model and linear regression model.
Comparison and Prediction
Comparative Analysis
In this paper, the simulation prediction value from the BP neural network model and linear regression model are compared with the actual value of e-logistics demand (Y) between urban and rural areas. Table 5 lists the absolute error and fractional error from the two models. As seen in Table 5 , the BP neural network model is more accurate than the linear regression model. Specifically, the maximum relative error of the BP neural network model is 0.016669963, while the maximum relative error of the linear regression model is 0.039420932. Similarly, in the case of absolute value, the mean error of the BP neural network model is 400.5607956, and the average of the relative error is 0.000688259, which is less than the corresponding error values of the linear regression model. Therefore, the simulation prediction value of the BP neural network model is closer to the actual value.
In Figure 5 , (a) is the absolute error contrast line graph, and (b) is the relative error value contrast line chart. Clearly, the amplitude of absolute error and relative error from the BP neural network model is smaller than the linear regression model. Alternatively, the BP neural network model is more stable. In the preamble regression analysis, it is found that the significance level of X2 is not obvious. We infer that this may be because the linear relationship between X2 and Y is not strong. Theoretically, this is because the linear regression model has some shortcomings in solving the problem of a nonlinear variable relationship. Correspondingly, the BP neural network has the ability to deal with the relationship between linear and nonlinear variables. Figure 5 indicates that the BP neural network model is more accurate and stable than the linear regression model in the prediction of e-logistics demand scale in urban and rural areas. Accordingly, in this paper, three years of urban and rural elogistics demand is input into the BP neural network cycle prediction model. Meanwhile, in order to increase the prediction accuracy and stability, we repeated the operation 10 times, eventually taking the closest set of data to the average prediction results. Table 6 reveals the specific data results of the e-logistics demand scale in urban and rural areas from 2016 to 2020. This paper takes the actual value of e-logistics demand scale from 1997 to 2015 and the forecast value of e-logistics demand scale from 2016 to 2020 as cardinality. According to the formula, year-on-year growth rate = (this year's value / the last year's value of the same period) / the last year's value of the same period * 100%. We can get the year-on-year growth rate from 1998 to 2020 as shown in Table 7 . Figure 6 illustrates that from 1998 to 2012, China's urban and rural e-logistics demand scale showed a rapid growth trend. The average year-on-year growth rate was 8.173679939%. Whereas from 2013 to 2015, the demand scale of e-logistics in urban and rural areas gradually slowed down, and the average year-on-year growth rate dropped to 0.637410368%. According to the value of the BP neural network cycle prediction model, from 2016 to 2020, the average year-on-year growth rate of e-logistics demand scale in urban and rural areas was 0.3539723%. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19 Fr actional er ror of BP neur al networ k model
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Findings and Discussions
Based on the SCOR theoretical model and reference to previous studies, this paper selected 6 indicators to measure the urban and rural e-logistics demand scale. The historical data of the selected indicators is simulated using the BP neural network model, and the simulation data is compared by a linear regression model. By comparison, in this study, we find that the BP neural network is more stable and accurate than the linear regression in the simulation and prediction of data. So, this paper uses the BP neural network model to forecast China's e-logistics demand scale in urban and rural areas from 2016 to 2020. Accordingly, the year-on-year growth rate of e-logistics demand scale in urban and rural areas from 1998 to 2020 can be obtained. Throughout the above study, there are two major findings worthy of further discussion:
First, the research methods. In the simulation and prediction of data, the BP neural network model is more stable and accurate than the linear regression model. This finding is obtained by comparing the mean absolute errors and the average relative errors of the two methods. This is consistent with Rumelhart and McClelland's opinions that the BP neural network has the ability to deal with linear non-separable problems, which was proposed in the mid of 1980s. More precisely, the basic reason is that the hidden layer of the BP neural network uses the Sigmoid function as the transfer function, while the output layer uses the linear function as the transfer function. The Sigmoid function is a smooth and differentiable function with nonlinear amplification capacity. On the contrary, the linear regression analysis has some limitations in solving nonlinear problems.
Second, the content of the study. Through the analysis of the average year-on-year growth rate of e-logistics in urban and rural areas from 1998 to 2020, the development growth period of e-logistics demand in China's urban and rural areas is divided into two stages, as shown in Figure 7 . Stage one is from 1997 to 2012. At this stage, the average year-on-year growth rate of e-logistics demand in urban and rural areas reached 8.173679939%. This stage is a period of 20-30 years after China's reform and opening up. Also, it was from 1997 that China's e-commerce began to gradually develop and expand. Because of the support of government policies and the boost of e-commerce, the demand for e-logistics in urban and rural areas developed. However, in this historical period, the development of e-logistics in urban and rural areas also exposed many problems, such as a shortage of talent in e-commerce and logistics, imperfect policies and regulations, lack of management systems and mechanisms, backward infrastructure and low level of information. These further led to the high cost and low efficiency in the development of urban and rural elogistics. Because of this, the existence of these problems forced the transformation and upgrade of urban and rural e-logistics, and after this, China's urban and rural e-logistics development gradually entered the second stage.
Stage two began in 2013. Based on the analysis of the data in this paper, this period is likely to be between 2013 and 2020. Specifically, the average year-on-year growth rate of e-logistics demand scale in urban and rural areas is 0.637410368% from 2013 to 2015, and from 2016 to 2020, the average year-on-year growth rate of e-logistics demand scale in urban and rural areas is 0.3539723%. The values of the two sets of data are relatively close and can be identified at the same stage.
The main reason is that, during this period, China's economic development entered a new normal state: structural reforms in the supply side deepened, and mobile payments, digital economy, sharing economy and other new economic development patterns continue to subvert the traditional e-commerce industry. The logistics industry continues to escalate. Certainly, it also benefits from the gradual maturity of intelligent logistics, cloud logistics platform, intelligent sorting car, unmanned aerial vehicle distribution and other new logistics technology. Therefore, at this stage, we no longer only pursue the growth rate of the e-logistics demand scale. In fact, we pay more attention to the reduction of cost, the promotion of efficiency, and the guarantee of quality and service.
Contributions and Enlightenments
With regard to the contributions, there are two points in this paper. The first is the inheritance and innovation of study methods. In the process of index selection, this paper refers to previous research and selection approaches of urban and rural logistics demand indicators. The SCOR theoretical model is first introduced in this study. We also compared the two methods of BP regression and linear neural network, and further confirmed the superiority of the BP neural network in solving non-linear problems. The second is the discovery of the research content. Based on the empirical analysis, the development stage of China's urban and rural e-logistics demand is divided into two stages from 1997 to 2020. The division of these two stages has reliable data support. It is conducive to the verification of the effectiveness of historical policies and provides theoretical guidance for future policy formulation.
Predictably, there is some enlightenment for government, enterprises, consumers and farmers. First, in the formulation of macroeconomic policies for the development of e-commerce and logistics, the government should clearly illustrate the current development stage of urban and rural e-logistics in China. In addition, the government should rationally guide enterprises and farmers to make production according to the e-logistics demand scale, which is put forward by this paper. More importantly, the government should strengthen the legislation and supervision on the quality, safety, customer service and brand for e-commerce and logistics enterprises. Second, the e-commerce and logistics enterprises should turn the traditional production priority strategy into market demand and quality priority. Specifically, under the premise of reducing cost and improving efficiency, they should pay more attention to the promotion of the enterprise brand, the control of quality and safety, and the enhancement of serviceability. Third, consumers should actively participate in the review of online shopping and report unqualified products to the government. Fourth, a large part of the business of urban and rural e-logistics involves farmers. What's more important is that, on one hand, farmers are the producers and suppliers of agricultural products, and on the other hand, they are the consumers for industrial products. Thus, farmers should first rationally cultivate production according to the guidance of the government and market. Secondly, they should adhere to the bottom line of morality, abide by the principle of good faith, and achieve safe production and green supply. Finally, the farmers should also actively participate in the activities of industrial products "downstream" because it is conducive to the development of urban and rural e-logistics.
Conclusions
Meanwhile, this paper also has some limitations. One of them is the prediction of e-logistics demand scale in the next 5 years in China's urban and rural areas. Though the way of choosing index and data analysis is objective and scientific, this paper has no appropriate consideration of unpredictable risk factors, such as wars, natural calamities and financial crisis. Therefore, this may lead to a little deviation between the prediction results and the actual future value. The other one is related to the division method. This paper refers to the year-on-year growth rate of e-logistics demand scale in urban and rural areas as the division standard but references a different indicator. The division stages may also be different.
With regard to future research plans, first, the development stage of China's urban and rural e-logistics demand is divided into two stages from 1997 to 2020. But for the second stage, there are lots of things we need to further clarify, such as what the government, enterprises, consumers and farmers should pay attention to and how to locate the focus of their work. Second, an event that is worth discussing is that the government, enterprises, consumers and farmers, as the main participants of ecommerce and logistics in urban and rural areas, should cooperate and coordinate in order to achieve the optimal system. In the future, our team will also pay more attention to solving more micro and systematic problems of e-commerce and logistics in urban and rural areas.
